A new computational method is presented for the efficient design of alloy systems in functionally graded materials (FGMs), optimized for manufacturability (sintering) as well as performance. The design methodology uses a multi-objective genetic algorithm (GA) integrated with computational thermodynamics and physics-based predictive models to optimize the composition of each alloy in the FGM. Thermodynamic modeling, using the CALPHAD method, is used to establish microstructural constraints and calculate the effective diffusivity in each alloy of the FGM. Physics-based predictive models are used to estimate performance properties. The model is verified by comparing results with data from the literature. A design exercise is also presented for an FGM that combines a ferritic and an austenitic stainless steel to demonstrate the capability of the methodology. It is shown that the mismatch in sintering rate between the two alloys, which causes processing defects during co-sintering, can be minimized while the solution hardening and corrosion resistance in the austenitic alloy can be optimized by independently controlling the composition of both alloys, the initial particle sizes and the sintering temperature.
Introduction
Progress in the development of Integrated Computational Materials Engineering (ICME) offers new capabilities in dealing with the challenge of material design, which is typically a multi-dimensional optimization problem requiring many thousands of experiments [1, 2] . The design problem can get explosively complicated when it is necessary to control both composition and the processing parameters/conditions while simultaneously optimizing for two or more properties in multi-component systems, such as those found in functionally graded materials (FGMs). One solution is a top-down, performance-driven reduced order meta-model that incorporates a spectrum of process conditions and material properties and is computationally low-cost and sufficiently accurate to support engineering decision-making [3, 4] .
Recently, we developed an ICME framework for the design of sintered alloys using such a reduced order meta-model [5] . The design method follows a material systems approach that integrates processing, structure, and property relations. It includes a multi-objective genetic algorithm (GA) to optimize alloy composition with the aim of improving the sintering as well as performance-related properties. The GA is coupled with computational thermodynamics and predictive analytical property models. Thermodynamic simulations, based on the CALPHAD method, are used to establish constraints through phase stability at equilibrium and calculate the diffusivity that determines the sintering behavior of the alloy. This enables the design of new alloys which are simultaneously optimized for improved sinterability, yield strength, corrosion resistance, and cost.
Here, we extend this model to the design of stepwise, layered FGMs fabricated through a multi-component metal injection molding route in which two-color plastic injection molding (2C-MIM) technology is used to make a bi-material structure [6] [7] [8] [9] [10] [11] [12] . The co-sintering of two-metal systems is challenging because differences in sintering rate between the individual metals generate internal stresses causing distortion and interface cracking, while diffusion of alloying elements across the boundary can result in deleterious phases close to the interface region [13] . It is therefore necessary to minimize the sintering mismatch between the two layers while also maximizing the desirable properties in each layer. Because these factors are all interdependent, a conventional, experimentally based design campaign requires thousands of experiments over a very long time and at high cost making the insertion of new FGMs into advanced products and systems very difficult.
To demonstrate the design methodology, we consider a FGM system that combines ferromagnetic and non-magnetic stainless steel alloys made by two-color injection molding of metal powders. During the design, a GA is used to alter the composition of each alloy in the two domains of the FGM to minimize the mismatch in their sintering rates, which is the primary cause of process defects. Simultaneously, the composition of the austenitic stainless steel alloy is also optimized to increase the hardness and corrosion resistance. The average powder particle sizes and the sintering temperature are also included in the optimization. The design methodology is implemented using MATLAB™ coupled with Thermo-Calc (TC), a thermodynamic modeling software, through the TC-MATLAB interface. We verify the methodology by comparing model predictions with experimental results from the literature.
Co-sintering of Multi-layers
This section reviews the constitutive behavior of powder compacts during solid-state sintering and the models used to predict shape distortion during co-sintering of multi-materials. Material system and design objectives for sintered FGMs are also developed.
Constitutive Behaviors of Sintering Bodies
The macrostructural behavior of a porous body during sintering can be analyzed using the continuum theory of sintering which has been widely applied to describe the sintering behavior of multi-layered powder compacts or systems [14] [15] [16] [17] . A porous body at sintering temperature is assumed to have a linear viscous behavior, where the total strain rate, ε ij ¼ dε ij =dt, is proportional to the equivalent stress, σ ij , in the porous body [18] as:
where σ 0 ij ; σ m ; and σ s are the deviatoric component of the equivalent stress, the hydrostatic mean, and the inherent sintering stresses; G′ and K′ are the effective shear and bulk viscosities of the sintering body; and δ ij is the Kronecker delta. The driving force for sintering is the sintering stress, σ s , which is a function of the surface energy per unit area, γ s , as [18] :
where G is the particle size and θ is the amount of porosity. Similarly, the effective shear and bulk viscosities of the porous powder system are functions of temperature, particle size, and amount of porosity during the sintering cycle. From Eq. (1), the axial shrinkage strain rate in a freely sintering body, i.e., with no external as well as internal stress affecting the shrinkage behavior, can be given by:
Stress and Shape Distortion During Co-sintering of Multi-layers
During sintering of an asymmetric bi-layer structure, the difference in shrinkage rate between the two layers generates an internal in-plane force, N and bending moment M as shown in Fig. 1 . The structure relaxes the internal stress (i.e., caused by the force and bending moment) by warping, resulting in distortion of the sample. The internal stresses vary across the thickness of the individual layers and affect the shrinkage rate depending on the direction of the stress in each layer. For the geometry shown in Fig. 1 , the stress normal to the interface between the two layers is very small compared to the in-plane stresses. The relative mismatch in shrinkage rate thus generates a bi-axial stress in the sample during sintering. By applying the linear viscous version of the continuum theory of sintering, Cai et al. [14] , Kanters et al. [15] , and Frandsen et al. [16] have shown that the curvature, k, of the distorted sample evolves as:
Here, ε˙f i (for i = 1 or 2) represents the free body shrinkage rate of the corresponding layer in the bi-layer, and the factors m and n are given by:
where h i and η i (for i = 1 or 2) represent the initial thickness and the effective uniaxial viscosity for each of the layers.
Equation (4) shows that the curvature development in the asymmetric bilayer system depends on:
1. The mismatch in free shrinkage rate between the layers; 2. The ratio of the effective uniaxial viscosity of the layers; and 3. The ratio of initial thickness of the layers.
For an isothermal sintering, the ratio of the effective uniaxial viscosities between the two layers can also be related to the ratio of their shrinkage rates [16] .
Design Objectives for a Stepwise FGM Structure
Consider a discretely graded or stepwise FGM system involving two alloys (A1 and A2) as shown schematically in Fig. 2 . The design optimization aims to enhance the functional properties of both alloys while simultaneously eliminating distortion during fabrication by reducing the mismatch in sintering rates between the two alloys.
It is considered that the FGM involves soft magnetic stainless steel based on ferritic (A1) and corrosionresistant stainless steel based on austenitic (A2) alloys, which are processed by 2C-MIM. We further assume that:
1. The powder compact in each of the alloys is made from a uniform dispersion of monosized spherical particles. This is typical for a MIM feedstock and avoids the need to account for factors related to powder compacts with different particle sizes and shapes. 2. The two alloys in the FGM are considered to have equal initial thicknesses, i.e., h 1 = h 2 . This consideration removes the effect of thickness ratio on the development of stress or curvature during co-sintering of the two alloys. 3. The FGM system is produced under isothermal sintering condition.
Considering Eq. (4), the curvature evolution during co-sintering of the FGM will primarily be affected by the mismatch in sintering/shrinkage rate between the alloys, i.e., ε˙f 2 −ε˙f 1 . Following the material systems design chart suggested in Molla et al. [5] for stainless steel alloys produced by MIM, the shrinkage rate in each alloy is a function of the green density (initial porosity), particle size, and the effective self-diffusion coefficient of the multi-component alloy. As shown by Molla et al. [5] , an alloy can be designed for sintering by optimizing the compositions of alloying elements. It is therefore possible to design alloys A1 and A2 in a way that minimizes the sintering rate mismatch to realize defect-free co-sintering of the FGM. For illustrative purposes, the design objectives that we consider for the FGM system in this case are: 1) Minimize the mismatch in shrinkage rate between the two alloys; 2) Enhance the corrosion resistance of the ferritic alloy (Alloy-1); and 3) Enhance the hardness and corrosion resistance in the austenitic alloy (Alloy-2)
Computational Design Framework
Similar to the approach discussed in Molla et al. [5] , the design framework involves a microstructural criterion for each alloy, and the multi-objective optimization for the compositions of each of the alloys that make up the FGM system. The optimization is performed using a genetic algorithm which evaluates candidate alloys based on feedback from (1) computational thermodynamics for microstructural constraints and the effective self-diffusivity of each alloy at a given sintering temperature and (2) predictive physics-based models for mechanical and corrosion resistance properties.
Computational Thermodynamics
Phase fraction and other important thermodynamic parameters at the sintering temperature for each of the alloys with a known mix of composition can be calculated using Thermo-Calc, a commercial software based on the CALPHAD method [19] . By appending an appropriate mobility database to the thermodynamic calculations, it is also possible to determine the effective kinetic parameters for each of the alloys. Thus, the thermodynamic database for iron alloys, TCFE9, was coupled to the mobility database, MOBFE4, and results were accessed through MATLAB using the TC-MATLAB interface, as described in Molla et al. [5] .
Microstructural Stability
The stability of the microstructures for each of the alloys in the FGM system must be secured. In this regard, separate microstructural criterion are defined for each alloy. For the ferritic stainless steel (Alloy-1), only microstructures made of a ferritic (α) matrix are allowed. Similarly, for the austenitic stainless steel (Alloy-2), only microstructures consisting of an austenitic (ϒ) matrix are considered. Alloys containing other phases at the sintering temperature receive a larger numerical penalty on the fitness criterion so that they have less chance of being selected.
Modeling the Effective Self-diffusivity of Alloys
Modeling the sintering rate of an alloy powder compact (green body) requires determination of the effective diffusion coefficient of the multi-component alloy at the sintering temperature. Because the green bodies of each of the alloys in the FGM are assumed to be made from spherical powders with uniform size and spatial distribution, it is only necessary to consider the effective self-diffusivity of the alloys. We further assume that the diffusion coefficient of the base or dominant element (Fe) in the alloy system at equilibrium is the effective diffusion coefficient of the alloy. Thermo-Calc is used to calculate the effective tracerdiffusivities, D tr α or D tr γ , of each alloy in the FGM with the corresponding α or ϒ phases at the sintering temperature. The tracer diffusion coefficient is close to but not identical to the self-diffusion coefficient. However, the effective self-diffusion coefficient, D s Fe , is often related to the tracer diffusion coefficient by a constant [20] . For the austenitic stainless steel alloy, this relationship can be given by:
Similarly, for the ferritic stainless steel alloy, the effective self-diffusion coefficient can be calculated considering the fraction of a stable phase, i.e., bcc (α), at the sintering temperature as:
Here, C 1 is a correlation factor varying between 0.6 to 1.0 depending on the crystal structure and the diffusion mechanism. For diffusion dominated by the vacancy mechanism in a face-centered and body-centered cubic lattices, the correlation factors can be assumed to be C 1 = 0.78 and C 2 = 0.73 [20] .
Predictive Models

Modeling the Free Sintering Rate
Once the effective self-diffusion coefficient of an alloy is determined using computational thermodynamics, the sintering rate of the alloy's powder compact can be modeled using solid-state sintering models. A powder compact during MIM is often assumed to be governed by lattice diffusion that can be modeled by considering the modified version of the Nabarro-Herring creep equation [21] . Thus, the linear shrinkage or strain rate, ε L , during sintering at isothermal temperature, T, is given by:
where ρ represents the relative density and ρ ¼ dρ=dt; D s is the self-diffusion coefficient; Ω is the atomic volume; G is the particle size; k is the Boltzmann constant; and D F is the driving stress for sintering. During free sintering, the only driving force for sintering is the intrinsic sintering stress, σ s , and hence D F = σ s . By combining Eqs. (2) and (8), the linear shrinkage rate of the powder compact can be given by:
Considering conservation of mass, the volumetric shrinkage/strain rate, ε v , of a powder compact during sintering can also be expressed in terms of porosity, θ, where, θ = 1 − ρ, as [18] :
Coarsening of particles during sintering is considered using an inverse square root function usually used for metallic powders involving a grain growth coefficient k′ and an initial particle size, G 0 , as [22] :
Modeling Solution Hardening
The analytical model proposed by Walbruhl et al. [23] provides a practical formalism for modeling solid solution hardening in the context of computational design of multi-component alloys. It was used by Molla et al. [5] to predict solution hardening of austenitic stainless steel alloys. This study also uses the model suggested in [23] to calculate solid solution hardening of the austenitic stainless steel alloy (A2) in the FGM system. Details of the methodology to determine parameters for the model can be found in Molla et al. [5] .
Modeling Pitting Corrosion Resistance
The pitting corrosion resistance in a multi-component alloy is mainly dependent on the equivalent chromium composition. This is often represented by a factor called the pitting resistance equivalent, PRE, which represents the capacity of an alloy to resist pitting [24] :
Multi-objective Optimization Using GA
Computational thermodynamics as well as physics-based models are integrated through a GA that generates and improves candidate FGM systems using valid alloys as per the microstructural constraints in each domain. The improvement of candidate FGMs is performed based on the design objectives discussed in "Design Objectives for a Stepwise FGM Structure." These are (1) minimize the mismatch in sintering rates, Δε between the two alloys of the FGM, i.e., A2 and A1; (2) maximize the change in strength due to solid solution hardening (Δσ sss ) in A2; and (3) maximize the pitting corrosion resistance (PRE) in both A1 and A2. Note that minimization of sintering rate mismatch between the two alloys requires predicting the linear shrinkage rate in each alloy. As shown in Eq. (9), the difference in free shrinkage rate between the alloys during sintering at a given temperature is primarily proportional to the difference in the ratio of the effective selfdiffusion coefficient to the cube of particle size, i.e., Δε Δ(D s /G 3 ). Note here that the effective diffusion coefficient, D s , depends on the chemical composition of the alloy whereas particle size, G, is proportional to the initial particle size of the powder compact. Thus, the design of a stepwise FGM for defect-free co-sintering can be optimized by controlling composition and processing parameters (particularly the initial particle size) in each of the alloys constituting the FGM.
Thus, a stepwise FGM candidate can be defined by considering two alloys (A1 and A2) with their respective chemical compositions and initial particle sizes. In other words, the chemical composition and initial particle sizes for A1 and A2 are the decision variables in the multiobjective optimization. The first design objective, i.e., minimizing mismatch in sintering rates between the two alloys in the FGM, can be achieved by calculating the ratio, D s /G 3 , for each alloy and then minimizing the difference. The other design goals can be optimized after calculation of the objective values by using the predictive models discussed in "Modeling Solution Hardening" and "Modeling Pitting Corrosion Resistance."
The non-dominated sorting genetic algorithm (NSGA-II) [25] is used to carry out the multi-objective optimization task. The NSGA-II provides a set of nondominated optimal solutions for each alloy in the FGM structure, and this set of solutions is known as a Paretoset. Figure 3 a shows the flow chart for the optimization algorithm developed in this study. In NSGA-II, the FGM structure is considered a chromosome having two sets of genes corresponding to each alloy in the FGM representing the percentage by weight of alloying elements and the initial particle sizes, see Fig. 3 b. The initialization of chromosomes, which are encoded using binary numbers, is performed by numeric randomization using a predefined minimum and maximum bound for each of the genes and a tolerance of 0.1. Values of the genes in each chromosome are then decoded for evaluation of the objective functions. Further details on the application of NSGA-II for multi-objective optimization can be found in [25] . The population of these chromosomes evolves through varying the values of the genes according to their fitness to the objective function.
The NSGA-II employed in this study involves the following steps, see Fig. 3 a: 1. An initial set of N p chromosomes (FGM population) consisting of the concentration (wt%) of elements (x i and y i ) and the initial particle sizes (p 1 and p 2 ) for the two alloys (A1 and A2) are generated randomly within a predefined range (bound) for each of the decision variables (i.e., wt% of elements and particle sizes). 2. The composition (wt%) for each of the alloys is extracted from the main chromosome, and the alloy is tested against the microstructural constraint defined for the respective domain in the FGM. This is performed by calculation of the phase fraction using the composition of each alloy at the sintering temperature and pressure using Thermo-Calc. This step tests the individual alloys for the criterion discussed in "Microstructural Stability." If the number of either of the alloys (i.e., A1 with fully ferritic or A2 with fully austenitic phases) is less than 100, a new set of initial populations are generated once again by going back to step 1. This ensures that there are enough individuals for reproduction during the optimization. 3. From the entire population, M p candidates (M p < N p ) with valid microstructures for both alloys (i.e., fully ferritic A1 and fully austenitic phase A2) are selected and combined to form a new set of FGM candidates. 4. In each of the FGM candidates, the following objective values are calculated: (1) the effective self-diffusion coefficient (D s ) for both A1 and A2, (2) change in strength due to solid solution hardening (Δσ sss ) for A2, and (3) pitting corrosion resistance equivalent (PRE) for A1 and A2. These calculations are performed using the property module of Thermo-Calc and the predictive models discussed in "Computational Thermodynamics" and "Predictive Models," respectively. 5. Using the initial particle size for each alloy in the FGM, the first objective value, i.e., the difference in the ratio of the effective self-diffusion coefficient to the cube of particle size,
, is determined for A1/A2 in each of the FGM candidates. 6. Non-dominated sorting of the M p candidates is then performed using the three objective values based on ranking and calculations of crowding distance as per the algorithm in NSGA-II [25] .
7.
Reproduction by crossover and mutation is then performed on the set of individuals (population) obtained from step 3 to produce offspring (children). 8. The microstructural stability of A1 and A2 for the offspring population is also tested. Those that have valid microstructures for each domain of the FGM at the sintering temperature are combined to form another FGM candidate of offspring, followed by evaluation of their objective values as in steps 4 and 5. 9. Offspring population of FGMs are then combined with the parents and sorted according to their ranking and crowding distance. 10. To diversify the pool of candidates after every iteration, a new set of randomly generated individuals, about 5% of the population after reproduction, is added in step 7. This enhances the search performance by diversifying the solution space and helps to avoid convergence or trapping to local optima or extrema. 11. The reproduction continues until the number of generations (Gen no) reaches a predefined limit (Lim), which is determined by the improvement in the objective values with the number of iterations.
Application of the Design Methodology
Here, we first validate the model by comparing with data from the literature. Design inputs, i.e., bounds for the composition of alloying elements and initial particle sizes for the stepwise FGM system defined in "Design Objectives for a Stepwise FGM Structure" are also presented, followed by the results and discussion.
Model Validation
The capability of the sintering model as well as the optimization procedure is tested by considering results reported by Imgrund et al. [9] , in which they showed the feasibility of co-sintering a martensitic (17-4PH) and an austenitic (316L) alloys by varying processing parameters-particularly of the initial particle sizes. To model the densification properties of the alloys (i.e., 17-4PH and 316L), their effective diffusion coefficients at the sintering temperature are first calculated Grain growth coefficient, k′ (−) 0 . 5 0 using Thermo-Calc by considering their chemical composition provided in [9] . The evolution of relative density as well as linear shrinkage rates are predicted using the process parameters (green density, temperature, sintering cycle) given in Imgrund et al. [9] . Since the initial particle sizes in [9] are not uniform, the average value from the reported distribution of powder particles is used. Table 1 summarizes the other parameters used in the sintering model. Table 2 shows the comparison of the final densities in 17-4PH and 316L from the model and experimental measurements after sintering for 1 h at 1300°C. The model results agree with the experimental observations demonstrating the capability of the model despite the assumptions made on particle size. Figure 4 depicts the evolution of the corresponding sintering rates in both alloys with a wider gap (mismatch) around the middle of the sintering cycle. This shows that stress in the sample (e.g., a tensile stress in the 316L side of the FGM), which is proportional to the mismatch in sintering rates between the two alloys, gradually increases at the middle of the sintering cycle and then decreases and is reversed towards the end of the sintering period.
To show the capability of the optimization approach, the minimization of mismatch in shrinkage rates is performed by minimizing Δ(D s /G 3 ) between 17-4PH and 316L. Note here that the diffusion coefficients are calculated using the standard compositions of 17-4PH and 316L and thus the decision variables during the optimization are the average initial particle sizes. The minimum and maximum bounds for the average initial particle sizes are set to 2 and 10 μm, respectively. After the optimization, the ratio of the initial average particle sizes in 17-4PH and 316L that minimizes mismatch in the sintering rates is determined to be 1.08, see Table 2 . By comparison, the corresponding ratio of the average particle sizes reported in [9] for the successful co-sintering of 17-4PH and 316L alloys was 1.09.
The observed agreements between the model and experimental results show that the sintering model (i.e., the main sub-model in the design framework) as well as the optimization approach can reasonably describe experimental observations that resulted in a successful co-sintering of 17-4PH and 316L.
Bounds for Decision Variables
The compositional bounds of the alloying elements for an FGM system defined in "Design Objectives for a Stepwise FGM Structure" are determined using the isothermal section of phase diagram of the constituent alloys at the sintering temperature. Figure 5 shows an isothermal section for an austenitic steel at 1600 K as a function of chromium (Cr) and nickel (Ni) concentration. The compositional bounds for Cr and Ni are thus determined using the extreme limits of the area where the fully austenitic (FCC) phase exists at the required sintering temperature. A similar approach is also used in the case of the ferritic (BCC) alloy. This is done to improve the computational efficiency of the search algorithm by limiting the decision variables to a valid microstructural region. Table 3 shows the compositional bounds considered in this study for both ferritic and austenitic stainless steel alloys in the FGM system. The composition for each of the elements and the initial particle sizes are made to vary between the minimum (Min) and maximum (Max) bounds. Composition of the interstitial elements of the austenitic steel alloy are fixed because their influence on the effective diffusion coefficient is very small. For comparison, results from an FGM involving standard compositions of 430L ferritic and 316L austenitic alloys are also considered.
In order to investigate the impact of sintering temperature, design optimizations for the best compositional mix in each alloy are performed at four different sintering temperatures, i.e., 1400, 1500, 1550, and 1600 K. These temperatures are chosen considering the optimal sintering temperature of the individual alloys as discussed in Jamaludin et al. [26] .
Results and Discussion
The termination criterion is determined by considering improvements in the objective values with respect to the number of generations. Here, improvements in all the objectives are considered, i.e., the difference in the ratio of the effective selfdiffusion coefficient to the cube of particle size for A1/A2, Δ(D Figure 6 also shows a decrease of the difference in the effective diffusion coefficients for A1/A2, i.e., ΔD s , and an increase in PRE in A2 with the number of iterations. The improvements in all the objective values become constant after the 100th iteration. Thus, a maximum of 120 iterations was chosen as the stopping criterion, which is equivalent to a computational time of a few days using desktop computers.
The results in Fig. 6 are obtained after considering the initial population size of N p = 2500. Genetic operations were performed using an encoded binary crossover and a uniform mutation operator. When generating the offspring population, Fig. 6 Improvement of the objective values (maximum or minimum depending on the design goals) as a function of GA iterations or number of generations the probability for an individual to serve as a parent, i.e., the crossover probability, was P c = 0.7. The probability for an individual to be mutated was set to P m = 0.10. The mutation operation selects new random values for each gene; these values were uniformly extracted from within the respective lower and upper bounds. Figure 7 a shows solutions in the Pareto-set considering two objectives, σ SSH for A2 versus Δ(D s /G 3 ) for A1/ A2, at four sintering temperatures. A point in each of the Pareto-frontiers corresponds to optimal solutions of the design variables for the pair of alloys in the FGM corresponding to the sintering temperature. Note that all the points in the Pareto-frontier for a given temperature are optimal in the sense that it is impossible to improve one objective without making the other worse. Thus, the choice of the "best" point from the Pareto-set depends on the users' priority. For instance, on the Paretofrontier corresponding to 1600 K, the solution with the maximum hardness in A2 will have relatively larger mismatch in sintering rates between A1 and A2. The single best point will thus be determined based on the users' priority from hardness in A2 or co-sinterability between A1 and A2.
As shown in Fig. 7 a, higher strengths can be obtained with a decrease in the sintering temperature. This means a reduced value of Δ(D s /G 3 ) for A1/A2, and a higher σ SSH value for A2 can be achieved at lower sintering temperature. For the sake of comparison, a result obtained by considering an FGM produced from the standard ferritic 430L and austenitic 316L alloys at 1600 K is also shown in Fig. 7 a. Comparison of results from the standard alloys with those on the Paretofrontier shows that it is possible to minimize the mismatch in sintering rates between A1/A2 and simultaneously increase the hardness in A2 by designing a new set of alloys for the FGM.
By choosing a solution (from each of the Paretofrontiers) with the minimum Δ(D s /G 3 ), it is possible to calculate the difference in the diffusion coefficients, ΔD s , for A1/A2 in the FGM. Figure 7 b shows a comparison of the ΔD s for the standard 430L/316L and new A1/A2 at four sintering temperatures. The result shows that by designing new alloy compositions, it is possible to minimize the difference in diffusion coefficients between the alloys in the FGM.
The ΔD s for A1/A2 decreases with decreasing sintering temperature, demonstrating that co-firing FGMs at lower temperatures can reduce the mismatch in sintering rates between the two alloys and hence avoid defects during 2C-MIM. However, it should be noted that lower temperatures could also affect the optimal sintering behavior in each of the individual alloys resulting in longer dwell times and consequently larger particle growth. Thus, it is necessary to make a tradeoff between the optimal sintering temperature of the individual alloys and the suitable co-firing temperature. Table 4 provides the optimal compositions of the ferritic and austenitic alloys that give the minimum Table 3 , shows that a higher amount of Cr and Mn in the ferritic, and higher amount of Ni and Cu in the austenitic alloys is necessary for successful co-sintering of the two alloys.
To clarify the improvements that can be achieved by designing a new set of alloys for FGMs, the shrinkage rates between a combination of standard 430L/316L and new A1/A2 alloys are compared under similar sintering conditions. For this purpose, a solution is chosen (from each of the Pareto-frontiers) with the minimum Δ(D s / G 3 ). The diffusion coefficients as well as the optimal combination of the average initial particle sizes are summarized in Table 5 .
Given the diffusion coefficients and average initial particle sizes, the sintering model discussed in "Modeling the Free Sintering Rate" can be used to calculate the evolution in shrinkage rates during a defined sintering cycle. Figure 8 a shows the linear shrinkage rates during isothermal sintering at 1600 K for 130 min. The initial particle sizes and the green density used were 13 μm and 80%, respectively. The 316L alloy sinters very slowly compared to the 430L alloy because the diffusion coefficient in austenitic FCC phase is much lower than in the ferritic BCC phase. Thus, there will be higher stress at the beginning of the co-firing cycle of these two alloys because of the large mismatch in shrinkage rates. This is consistent with experimental observations during co-firing of multi-layers [27] .
The linear shrinkage rates for optimal ferritic (A1) and austenitic (A2) alloys are also shown in Fig. 8 a. Calculation of the sintering rates considers the effective self-diffusion coefficients as well as the initial particle sizes for each of the alloys as per the optimization results at 1600 K. The initial green density in each alloy is assumed to be 80%. It is shown that the shrinkage rates in both alloys evolves in a similar manner, resulting in a reduced mismatch in sintering rate as shown in Fig. 8 b. These improvements will help reduce the differential stresses and hence processing defect formation during sintering of the FGM system.
Conclusions
The study suggests a new computational methodology for designing alloy systems for stepwise FGMs with improved co-sintering behavior. The methodology independently optimizes the composition, processing parameters, and the performance properties of each of the alloys in the FGM system. The design methodology can thus be used to (1) determine a new composition for each alloy in the FGM, (2) determine the average initial particle size for green bodies of each of the alloys in the FGM, and (3) investigate the optimal cofiring temperature for the FGM. Emphasis is given to improving manufacturability, i.e., co-sintering, by minimizing mismatch in shrinkage rate between the different alloys making the FGM. The design methodology is validated by comparing model predictions with experimental results from the literature. The capability of the methodology is demonstrated by designing an FGM combining a ferromagnetic ferritic steel and a non-magnetic austenitic steel with the objectives of (1) minimizing mismatch in shrinkage rate between the two alloys and (2) maximizing solution hardening and corrosion resistance in the austenitic alloy. The design provides a non-dominated set of optimal alloys (Pareto-set) in the FGM. Significant improvement of mismatch in sintering rates between the optimal alloys is shown when compared to an FGM produced from standard ferritic (430L) and austenitic (316L) stainless steel alloys.
The computational design method proposed in this study can be used for the efficient design of FGMs which can be produced by two-color metal injection molding. Processing parameters together with the composition of each component of the FGM are optimized simultaneously and independently in order to enhance manufacturability while maintaining or even improving their functional properties. This will serve to minimize the physical experiments usually required to optimize such material systems. The methodology can also be extended by coupling additional sub-models so that additional properties or microstructural complexity can be incorporated in the design space.
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